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Abstract — In multi-domain elastic optical networks 
with alien wavelengths, each domain needs to consider 
intra-domain and inter-domain alien traffic to estimate and 
guarantee the required quality of transmission (QoT) for 
each lightpath and perform provisioning operations. This 
paper experimentally demonstrates an alien wavelength 
performance monitoring technique and machine 
learning-aided QoT estimation for lightpath provisioning of 
intra-inter-domain traffic. Testbed experiments 
demonstrate modulation format recognition, QoT 
monitoring and cognitive routing for a 160 GBd alien 
multi-wavelength lightpath. By using experimental training 
datasets from the testbed and an artificial neural network 
(ANN), we demonstrated accurate optical signal to noise 
(OSNR) prediction with accuracy ~ 95% when using 1,200 
data points.  
Index Terms—Multi-Domain Elastic Optical Networks, 
Alien Wavelength, Machine Learning. 
I. INTRODUCTION 
Elastic optical networks (EON) makes use of 
dynamic and adaptive provisioning to guarantee efficient 
and flexible network resources utilization. In order to 
provide such level of flexibility and dynamicity, the 
network control and management plane require 
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automated provisioning schemes with robust quality of 
transmission (QoT) estimation based on the actual 
network link conditions. As these analytical models can 
only offer rough estimates of the (QoT) of lightpaths [1], 
it becomes necessary to consider high margins to 
compensate for model inaccuracies while guaranteeing 
the target QoT over the duration of the lightpaths. Such 
high margins have a negative impact on the maximum 
utilization of the network capacity. Therefore, more 
accurate situation-aware QoT estimations are desirable. 
The authors in [2] proposed to use machine learning 
(ML) techniques to estimate the QoT of lightpath 
solutions provided by the Routing, Modulation format, 
and Spectrum Assignment (RMSA) algorithm. Their 
approach consisted in training a classifier with a large 
dataset with measurements obtained over the time. The 
classifier has to be periodically updated and re-trained to 
reduce deviations (by constantly collecting and storing 
the monitoring parameters). In [3], the authors proposed 
to continuously monitor the optical layer and use such 
monitoring data to tune an analytical model used for QoT 
estimation. In [4], the authors demonstrated instead a 
ML-based optical signal to noise ratio (OSNR) predictor 
in a single domain SDN network. 
The scenario becomes more complicated when it 
becomes necessary to support high-capacity and 
dynamic traffic demands across multiple autonomous 
systems (ASes) [5-7]; in this scenario lightpaths might 
neither originate nor end in one single operator domain, 
but transparently traverse several of them. These 
lightpaths are known as alien wavelengths [8, 9]. 
Guaranteeing the quality-of-transmission (QoT) of 
end-to-end lightpaths is non-trivial across optically 
transparent inter-domain networks. Due to 
administrative constraints, each AS manager (or domain 
manager - DM) may disclose only very limited 
intra-domain information, making QoT estimation of 
inter-domain lightpaths challenging. As a consequence, 
previous QoT estimation solutions based on analytical 
Experimental Demonstration of Machine 
Learning-aided QoT Estimation in 
Multi-domain Elastic Optical Networks with 
Alien Wavelengths 
Roberto Proietti, Xiaoliang Chen, Kaiqi Zhang, Gengchen Liu, M. Shamsabardeh, Alberto Castro, Luis 
Velasco, Zuqing Zhu, and S. J. Ben Yoo, Fellow, OSA, Fellow, IEEE        
(Invited – Top Scored paper)             
© 2019 Optical Society of America]. Users may use, reuse, and build upon the article, or use the 
article for text or data mining, so long as such uses are for non-commercial purposes and 



































0] cannot be e
ledge of the 
tics, etc.). 
 same time, ML
n [3, 4, 11, 12]
antities of perf
 train the cogn
) A schematic f
cle and the brok
context of a
on [6], this pap
reporting the 
 PM techniqu
h results on m
taset from an
rall, the main
ng. First, we p







 using an ML
works (ANN).





g principle of 
ique. Sectio
















ropose to use 
 ML-based Q
we report a 






 Finally, we 
ample of cogn



















, as well as a n
g QoT estimat
testbed (Sect











































































































ons of the 
ing potentiall
DMs apply 
sed later in Se
h DM to be a
g the domain














e, a coherent r
error-rate (B









ction II, it be
ble to monitor









t cycle [7]. Th




 status in rea
eceiver can m
ER) of an 
s can be used i
r OSNR) of
 monitoring 



































(SDN) paradigm to operate their EON domains [16]. 
Specifically, SDN controllers residing in the domain 
control and management plane can collect PM data and 
conduct service provisioning by interacting with SDN 
agents that collocate with optical devices. Based on 
traffic engineering metrics and the received PM data, 
DMs can realize domain-level cognitive service 
provisioning. For instance, by analyzing the correlation 
between the path configurations and QoT with certain 
ML techniques, DMs can potentially predict accurately 
the QoT of candidate RMSAs solutions (Analyse) and 
therefore, set up connections with guaranteed QoT and 
reduced margins (Act). 
A broker plane on top of DMs coordinates the service 
provisioning across multiple domains. The broker plane 
operates similarly to a DM, but only perceives limited or 
even no intra-domain information due to the 
administrative constraints in multi-AS systems. DMs can 
abstract their domains as virtual topologies consisting of 
virtual links among edge nodes [17] and report PM data 
of alien wavelengths measured at each of the edge nodes. 
Then, with proper multi-domain modeling methods and 
cognitive functions at the broker plane, multi-domain 
cognitive service provisioning can be achieved. 
B. Operation Principle 
We summarize the operation principle of the proposed 
cognitive multi-domain EON framework with alien 
wavelength PM in the workflow in Fig. 1(b). Each DM 
constantly conducts PM for both intra-domain 
connections and alien wavelengths. A domain-level 
learning process is then executed (step a). The learned 
results can either be used for intra-domain provisioning 
(step b) or sent to the broker plane for learning the 
performance of inter-domain end-to-end lightpaths (steps 
c-d). 
In the provisioning phase, upon receiving a lightpath 
request (step 1), the DM first determines whether it is for 
intra- or inter-domain transmission. If it is an 
intra-domain request, the DM immediately tries to 
calculate an RMSA solution that satisfies the QoT 
requirement. Specifically, the DM can calculate several 
candidate RMSAs and call the domain-level QoT 
estimation model to estimate the QoT of each of them 
given the current link conditions. The QoT of existing 
in-service connections in the case that the corresponding 
candidate RMSA is launched will also be evaluated. The 
best RMSA that satisfies the QoT requirement and 
ensures the QoT of existing connections will be set up. 
On the other hand, if the request is for inter-domain 
communication, it is forwarded to the broker plane (step 
2). To calculate an inter-domain lightpath, the broker 
plane requests from related DMs for intra-domain 
information (step 3). Each involved DM, in turn, replies 
several intra-domain candidate RMSA together with 
their estimated QoT (steps 4 and 5). The broker plane 
aggregates the received data, builds a multi-domain 
virtual topology, and calculates an inter-domain 
end-to-end RMSA with QoT guarantee relying on the 
broker-level QoT estimation model (step 6, like the 
intra-domain case). Finally, each related DM sets up the 
path segment within its domain to accomplish the 
inter-domain provisioning service (step 8). 
III. ALIEN WAVELENGTH MONITORING SYSTEM 
As mentioned above, PM of alien wavelengths is 
essential for correct estimation of QoT parameters in 
intra- and inter- domain lightpath provisioning. In this 
section, we discuss the details of an alien wavelength PM 
system that can be used by the domains to identify the 
modulation format and OSNR of the alien lightpath 
traversing the domains. The proposed PM system is 
given by a combination of two monitoring techniques 
which are experimentally demonstrated in the 
subsequent sections. This PM system will be used at the 
ingress and the egress nodes of a domain, as shown later 
in IV.A. 
A. Supervisory Channel 
The first PM tool is called supervisory channel (SC); 
ref. [15] reported this technique for QPSK signals. In this 
paper, we extend the demonstration for the first time to 
QAM signals as well. 
Fig. 2(a) shows the experimental setup used to 
evaluate and characterize the proposed PM technique. A 
standard coherent Tx (Co-Tx) consists of an external 
cavity laser (ECL), an I/Q modulator, and an electrical 
arbitrary waveform generator (EAWG) generating an 
optical M-QAM signal at 10 GBd. As part of the 
monitoring system, the optical signal is then fed into a 
second Mach-Zehnder modulator (MZM) to 
over-modulate the coherent signal with a 200 Mb/s ASK 
signal with 0.1 modulation index. Before the Rx (or at an 
intermediate node in the network where monitoring is 
needed), 10% of the optical power is tapped to the PM 
system, whereas the rest is sent to a coherent receiver 
operating at full speed. The PM system consists of an 
avalanche photodiode (APD) and an analog low-pass 
filter (LPF) with 200 MHz bandwidth. An FPGA-based 
bit error rate tester (BERT) receives the ASK signal and 
calculates its BER and Q-factor. 
Fig. 2(b) depicts the optical signal captured by the 
real-time oscilloscope (RTO). It shows that the 
low-speed ASK signal has shaped the envelope of the 
M-QAM signal. Fig. 2(c) and (d) present the waveform 
of the signal after the APD and LPF, respectively, clearly 
showing that the ASK symbols can be extracted from the 
high-speed M-QAM signal thanks to the LPF. 
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multi-domain networks. Each autonomous system 
(domain) makes use of optical PM to train an 
ANN-based QoT estimator to predict the OSNR of intra- 
and inter-domain lightpaths and make sure that the new 
connection to be established, as well as the existing ones,  
will meet the QoT requirements that guarantee BER 
values below the pre-FEC threshold. 
By using experimental data, (a) we demonstrated a 
new monitoring technique for modulation format 
recognition and OSNR monitoring; (b) we trained an 
ANN-based ML QoT estimator capable to estimate the 
OSNR of a given lightpath with an error rate < 6%; (c) 
we demonstrated a use case network scenario of 
cognitive routing based on the existing network 
conditions. 
Future research works will focus on: (a) the use of 
larger testbeds to better understand how the estimation 
performance of the ML tool depends on the number of 
network nodes, the number of links, the size of the 
training datasets and specific ML approaches (e.g. 
Q-learning [18]); (b) hierarchical learning approaches for 
multi-domain routing [19]. 
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